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Ten years of lightning data was used to examine the lightning climatology in the
Mid-South and to create a model capable of predicting severe hail storms using CG
lightning. Cloud to ground lightning peaked reached a maximum in July and a minimum
in January. Positive CG accounted for 5.3% of all strikes. The percentage of positive
strikes reached a maximum in December and a minimum in August.
Artificial intelligence along with logistic regression models were used for hail
prediction. The 95% confidence intervals of the contingency statistics were used to
determine the performance of the models. The linear cost 100 model and logistic
regression had the highest performance and were tested with an independent data set. The
logistic regression model outperformed the linear cost 100 model. The performance by
both models was under the median statistics but within the 95% confidence interval.
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CHAPTER I
INTRODUCTION AND LITERATURE REVIEW

It is the stated mission of the National Weather Service (2011) that, “The National
Weather Service provides weather, hydrologic, and climate forecasts and warnings for
the United States…for the protection of life and property…” To enhance the protection of
life and property, forecasting tools are always evolving to increase lead time. The goal of
the proposed study is to create a nowcasting tool for severe storms using cloud-to-ground
lightning data to predict hail events. The hypothesis is that lightning activity will change
as an updraft evolves to more favorable hail-producing conditions.
The following subsections will address the theoretical elements of the study.
Lightning
The Earth holds a continuous atmospheric electrical charge. Lightning occurs
when a sufficient charge differential is created between two locations. Lightning,
therefore, is an electrical discharge from a storm due to the electrical potential from ions
in the atmosphere. A strike can originate in the cloud or from the ground. There a three
distinct types of lightning: 1. Intercloud lightning occurs within a single cloud from one
charge to another. 2. Discharges to neighboring clouds are referred to as cloud-to-cloud
lightning (CC). 3. Cloud-to-ground lightning (CG) is a discharge from a cloud to the
ground (Eagleman 1990).
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Lightning is a dangerous phenomenon associated with thunderstorms, especially
cloud-to-ground lightning. During the 36 years from 1959 to 1994, lightning led to 3239
deaths and 9818 injuries in the United States (Curran et al., 1997). In the United States,
the Southeast has the highest rates of cloud-to-ground lightning. Fort Lauderdale, Florida
averages 107 days a year with cloud-to ground lightning. Lightning minima occur along
the Pacific coast and the Maine coast. The Mid South averages at least 50 days a year
with cloud-to-ground lightning. Temporally, the United States experiences the most
cloud-to-ground lightning during the summer. In the Mid South, the summer accounts for
40-70% of cloud-to-ground lightning (Zajac and Rutledge 2001).
Cloud-to-ground lightning activity could be an indicator of processes occurring in
a cloud such as updraft evolution, which is vital for the development of a thunderstorm.
For electrification to occur within a storm, convective growth is needed to create a charge
separation. Different theories concerning the process of charge separation have emerged.
According to precipitation theories (Krehbiel, 1986; Lang and Rutledge, 2002), charge
separation takes place when precipitation particles collide with each other and with other
cloud particles. Precipitation particles include supercooled water, graupel, and hail,
which, through their collisions acquire a negative charge while cloud particles acquire a
positive charge. The cloud particles are then carried to the top of the storm while
precipitation particles and the corresponding negative charge stay in the middle of the
storm circulating with updrafts and downdrafts. The negative region of a storm is usually
found between -10 ºC and -25 ºC (Rakov and Uman, 2003). As part of the European
Lightning Nitrogen Oxides project (EULINOX), the electrical structure of a supercell in
southern Germany was examined. Using very high frequency detection (VHF)
2

techniques, the main charge was determined to be between -15 ºC and -30 ºC. A weak
positive region was found at the freezing level of the storm. A peak in VHF emission was
not found in the upper cloud where the main positive charge usually is located (Dotzek et
al., 2001).
The findings of Dotzek (2001) are supported by Krehbiel (1986) stating the
overall charge structure is considered to be a dipole with the positive charge at the cloud
tops and the negative charge in the middle of the cloud. Below the negative charge a
weak positive field can be found at the base of clouds in some storms. During the buildup
of the main negative charge, the polarity of the ground switches from a fair weather
negative charge to a positive charge due to the electrical potential above the surface. The
majority of cloud-to-ground lightning has a negative charge, but intense storms can
transition to predominately positive CG. Negative strikes originate in the mid level
negative charge region. In most cases, positive CG lightning originates from the cloud
tops.
There are different theories to explain how positive CG becomes dominant. The
theory of precipitation unshielding (Lang and Rutledge, 2002) states that precipitation
fallout is so strong it takes the negative charge to the ground leaving an exposed and
mostly positive charge in the storm. The tilted dipole theory (Krehbiel, 1986;
MacGorman et al., 1989; Lang and Rutledge, 2002) explains that the positive charge is
exposed when it is sheared laterally away from the negative charge by strong upper level
winds (an area known as the storms anvil). The inverted dipole theory (MacGorman and
Nielsen 1991) states the dipole flips due to a stronger positive charge below the negative
region.
3

Hail
Hail is defined as a form of frozen precipitation, which must be created in
convective clouds. Hail is distinguished from graupel and snow pellets by the size. A
frozen pellet must have a diameter of at least 5 mm to be considered a hail stone (AMS,
2000). For hail to form, ice nuclei must be present in a cumulonimbus cloud. The nuclei
can be anything ranging from a particle of clay to a pollutant (Changnon et al. 1977). An
ice crystal grows by a process called accretion during which supercooled water collects
and freezes around a nucleus through collisions in the turbulent updraft (AMS, 2000).
Hail occurs when thunderstorms have a strong updraft. In addition, sheared
environmental conditions are favorable for producing strong sustained tilted updrafts
capable of producing large hail (Branick and Doswell 1992).
Hail can be particularly damaging to property and crops (Vorst, 2002). Severe hail
storms in the United States, occurring between June and September, are responsible for
an annual average loss of $52 million in corn crops alone. The National Weather Service
(2010) defines severe hail as one inch or about 2.50 cm. To produce a stone of that size,
an updraft must have vertical speeds of 95 km/h. If the hail stone does not stay in an area
of freezing conditions long enough, the stone will melt before reaching the surface of the
Earth. In addition, the freezing level in the atmosphere must be low enough to retard
melting of the stone before striking the Earth’s surface. If the environment is too cool, the
updrafts needed to create hail will not be sustained (Eagleman 1990).
Kelly, Schaefer, and Doswell (1985) examined the climatology of non-tornadic
severe storm events in the United States found approximately half of hail-producing
storms occurred in May and June from 1955 through 1983. About 80% of the events
4

occurred in a span from April through July. The winter months only accounted for 2% of
severe thunderstorm reports.

Figure 1

Study Regions. After Kelly, Shaefer, and Doswell 1985

The study further divided the United States into regions and examined the severe
thunderstorm reports from 1955 through 1983. The Mid-South was included in the
southern plains region (figure 1). In the southern plains, over 67% of hail events occurred
in the spring and another 24% of hail events occurred in the summer. The rest of the
events were split between the fall and winter, with the winter months accounting for the
smallest portion (Kelly, Schaefer, and Doswell 1985). In the study, the Mid-South is
placed in a region (Southern Plains) with considerably different moisture environments
which will certainly affect the number and timing of hail events within this
atmospherically diverse area.

5

Radar Based Hail Detection
Vertically Integrated Liquid (VIL) is one common tool used for hail
detection by forecasters. VIL is a radar derived product that estimates the amount of
liquid in a column based on reflectivity at different scan angles (Graham and Struthwolf,
1999). The radar is divided into 4 km by 4 km Cartesian grids. Reflectivity values greater
than 55 dBz are truncated to 55 dBz (Harrold et al., 2006). The column stretches from the
base to the top of the echo (Greene and Clark, 1972). The calculation assumes the same
raindrop size throughout the column and excludes hail. The diameter of a particle has a
larger effect on reflectivity compared to the number of drops in the column as shown in
figure 2 (Amburn and Wolf, 1997). Given the effect large particles have on reflectivity,
columns with large particles, for example hail, will have large VIL values. Hail is also a
more efficient reflector of energy compared to a liquid water drop (Amburn and Wolf,
1997).

6

Figure 2

Diameter and Reflectivity Relationship. After Amburn and Wolf, 1997

Other products have been created based on VIL. Digital VIL (DVL) is a product
available to National Weather Service forecasters through AWIPS. It is calculated the
same way as VIL except 1km by 1º polar coordinates are used instead of 4 km by 4 km
Cartesian grids. Reflectivity values are not truncated when calculating DVL unlike VIL.
DVL values are truncated in AWIPS once values exceed 80 g/m2 (Harrold et al., 2006).
VIL of the day is a variation of VIL that forecasters use to predict hail. The VIL
of the day depends on conditions for that day. The temperature of the air mass is
considered along with the height of the freezing level, wet bulb 0 level, and other
environmental factors (Amburn and Wolf, 1997).
VIL density is another product derived from VIL. It is calculated by normalizing
VIL values by the echo top value. Echo top is the highest elevation with a reflectivity
7

greater than or equal to 18 dBz (Stumpf et al., 2004). VILD has proven to be a better
product compared to VIL for predicting hail since it is normalized by the storm height.
There are two ways VILD is calculated. Grid based VILD uses the standard VIL 4
km by 4 km Cartesian grids and divides it by echo top (Harrold et al., 2006). Cell based
calculates VILD based on a storm. The National Weather Service uses the Storm Cell
Identification and Tracking algorithm which tracks attributes associated with a particular
cell (Blaes et al., 1998). Cell based VIL is one of the values that is outputted by the
algorithm. The Storm Cell Identification and Tracking (SCIT) algorithm finds the 3 bin
maximum reflectivity average of a tilt to find the reflectivity used for that tilt (Belk and
Wilson, 1998). Cell based VILD is then calculated by dividing by echo top similar to grid
based VILD or by dividing cell based VIL by storm top. Storm top is the highest
elevation with a reflectivity of 30 dBz or higher (Graham and Struthwolf, 1999). Graham
and Struthwolf (1999) compared average VILD values for storms in Northern Utah using
both grid based and cell based VILD (figure 3). Cell based VILD values were higher in
severe and non severe hail storms. GR Level 2 radar software which this study uses
calculates VILD by using storm relative motion to stack the storm and then calculates
VIL and normalizes by echo top (Mike Gibson, Gibson Ridge Software, personal
communication).
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Figure 3

Average Cell and Grid Based VILD. After Graham and Struthwolf, 1999

Attempts have been made to create VIL and VILD thresholds for hail. Amburn
and Wolf (1997) used 221 storms that occurred within the range of the Tulsa, OK radar in
1994 and 1995. The authors found a VILD value of 3.28 g/m3 identified 97% of hail
storms, but incorrectly identified 25% of nonsevere storms. A value of 3.50 g/m3 still
identified over 90% of hail storms and incorrectly identified only less than 2% of
nonsevere storms.
Blaes et al. (1998) used storms in that occurred in the Albany, NY CWA to create
hail thresholds for VILD. At 3.80 g/m3 all but one case was severe hail. At the time of
their study anything ¾ inch or greater was considered severe. The lowest VILD value a
hail storm had was 3.28 g/m3. A nomogram was created using the results of the study that
was implemented into operations at the Albany, NY WFO (figure 4).
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Figure 4

Albany Nomogram. After Blaes et al., 1998

In a Western Region Technical Attachment, Small et al. (1998) suggest using a
1/3 and 1/30 rule. The authors suggest multiplying the echo top value (in thousand feet)
by 1/3 and add it to the echo top (still in thousand feet) to obtain the VIL value
corresponding to the near 100% probability of severe hail. For example:
Echo top
42,000
=
feet (42 kft.)
VIL value = 42 + [42 * (1/3)]
VIL value = 56 kg/m2
To find the “reasonable” threshold for severe hail, the authors suggest the same
calculation as the 1/3 rule except multiply by 1/30. It must be noted this study also used
¾ inch hail as the bottom limit of severe hail. Graham and Struthwolf (1999) suggested a
grid based VILD threshold of 2.90 g/m3 for separating severe hail ( ¾ inch or greater)
from small hail.
Belk and Wilson (1998) used cell based VILD to find a reasonable threshold for
severe hail for the Charleston, WV CWA. In the VILD calculation, storm top was used as
10

the normalizing factor. The authors suggest using 4.00 g/m3 as the threshold for dividing
small than ¾ inch hail and ¾ inch or greater hail. The threshold is larger because cell
based VILD yields higher values since it uses a higher reflectivity value compared to grid
based to calculate VIL. Severe storms had VIL values ranging from 34-88 g/m2 and
storm tops of 6919-16703 m. Non severe storms had VIL values between 10 and 54 g/m2
and storm tops between 6340 and 16429m which gave a VILD range for non severe
storms of 1.60 - 4.40 g/m3. Kitzmiller et. al (1995) agrees Belk and Wilson study by
finding organized convection usually has a minimum VIL value of at least 10 g/m2.
As noted previously, the above studies used ¾ inch as the lower limit for severe
hail. Current severe criteria requires hail to be 1 inch or larger to be considered severe.
Using table 1 from Amburn and Wolf (1997), a threshold of 4.00 g/m3 would identify
91% of 1 inch or greater hail. However, 59% of less than 1 inch hail storms had a VILD
value of 4.00 g/m3 or higher. A threshold of 4.50 g/m3 would only identify 60% of severe
hail, but only 10% of less than 1 inch hail had a VILD value that high.
Amburn and Wolf (1997) suggest VILD could be used to predict hail size due to a
possible trend seen in the 221 storms used in the study.

Table 1

VILD Ranges from Amburn and Wolf. After Amburn and Wolf, 1997

Hail Size
< 19 mm (36)
19 - 24 mm (117)
25 - 45 mm (63)
> 45 mm (5)
(Total Numbers)

< 3.0
27
6
0
0
(33)

Ranges in VIL density
3.0 - 3.4
3.5 - 3.9 4.0 -4.4 4.5 - 4.9
7
0
2
0
10
32
44
18
1
5
18
16
0
0
0
1
(18)
(37)
(64)
(35)
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> 4.9
0
7
23
4
(34)

Lightning and Hail Relationship
Processes responsible for lightning and hail are related, and could possibly be
used as a prediction tool for hail events. Changnon (1992) used hail streaks in crops to
examine the spatial and temporal relationships between hail and CG lightning. The first
CG flashes usually occurred about 5 minutes after the low level echo of greater than 45
dBZ developed. On average, the lightning activity associated with a hail core ended 7.5
minutes after the hail ended. Spatially, the first strike associated with a hail streak
occurred 5 km upstream from where the hail began. Temporally, the lightning associated
with the hail developed ten minutes before the hail fell. Liu et al. (2006) studied a
hailstorm in northern China and found positive CG peaked ten minutes before the hail
fall. When the storm reached a maximum radar reflectivity of 60 dBZ, CG flashes
increased rapidly with negative strikes dominating. Both authors make a strong argument
that lightning activity can be incorporated into nowcasting hail events.
Iskenderian (2008) employed cloud-to-ground lightning activity as a proxy for
echo-tops and vertically integrated liquid (VIL) where radar is not available. VIL is a
good indicator of hail. If cloud-to-ground lightning activity can be used as a proxy for
VIL, it should be an indicator of hail. Iskenderian (2008) found that CG activity tends to
be greatest around the core of the storms. National Lighting Detection Network (NLDN)
data can be obtained at close to real time. Warnings may be able to be issued more
quickly if CG activity can be used like a parameter such as VIL. Dotzek et al. (2001)
investigated the VHF emission in relation to cloud growth as part of the EULINOX
Project. VHF emission peaks were found in the graupel region of the cloud. Later, the
hail and heavy rain core produced peaks of VHF emissions (Dotzek et al., 2001).
12

Iskenderian (2008) and Dotzek et al. (2001) both show a link between the hail core and
CG activity.
The NLDN lightning data provides three important variables, which will be used
in the proposed study:
1. Total CG lightning activity
2. Polarity of CG
3. Number of return strokes
Total lightning in a storm may give more information on storm updraft
development stage and strength. A correspondence between intracloud lightning, cloudto-ground lightning, and severe events has been noted (MacGorman et al., 1989;
Williams et al., 1999; Lang and Rutledge, 2002; McCaul et al., 2002; Montanya et al.,
2009). Montanya et al., (2009) showed a peak in total lightning activity as hail was
falling in a storm in northeastern Spain. Concurrently, cloud-to-ground lightning rates
were extremely low (less than 1 min-1). The ratio of IC to CG was as high as 400.
Williams et al. (1999) examined total lightning in central Florida storms and found a peak
in total flash densities 5-20 minutes before a severe weather phenomenon, which
included severe wind, hail, and tornadoes. Reap and MacGorman (1989) examined
strictly CG lightning activity and found the probability of a storm becoming severe
increased as the lightning increased up until 130 flashes per grid box. After that point, the
probability of producing a severe event went down as flash density increased.
Soula et al. (2004) completed a study in southern Europe in which all the storms
examined had low CG rates throughout the life of the storm, and did not exceed
2 min-1. Two types of lightning evolution were observed in the storms. First, CG rates
stayed constantly low throughout the storm life. In the second case, CG rates decreased in
13

a correspondence with hail production. During the decrease, the proportion of positive
strikes increased. Soula et al (2004) points to an elevated charge mechanism being
responsible for the low CG rates. In this case, strong updrafts throw charged particles into
the upper cloud. There is a high probability that intracloud lightning rates were high in
these storms, but no IC data were available. For the purpose of this study, intracloud
lightning data will not be incorporated as it is not available in the Mid-South.
Additionally, the polarity of the lightning activity plays an important role. Reap
and MacGorman (1989) examined the warm season CG lightning for 1985 and 1986 in
Kansas, Oklahoma, and parts of Texas and found that positive CG accounted for 4.60%
of all CG lightning. Studies have also shown a correlation between the amount of
positive CG lightning and the severity of a storm (Reap and MacGorman, 1989; Branick
and Doswell, 1992; MacGorman and Burgess, 1994; Knupp et al., 2003; Liu et al., 2006).
MacGorman and Burgess (1994) found that increased amounts of positive CG lightning
can be correlated with a higher likelihood of producing hail and/or storm rotation. Reap
and MacGorman (1989) found the probability of large hail increased as the amount of
positive lightning increased. Liu et al. (2006) found that positive strikes accounted for
greater than 50% of CG in 6 out of the 10 hail storms studied. The storms examined by
MacGorman and Burgess (1994) were dominated by positive CG while in the low
precipitation phase or classic phase. When storms transitioned to the high precipitation
phase, the dominant polarity switched back to negative. In the Mid-South, storms tend to
have high precipitation due to moisture availability. An absence of positive strikes may
be seen due to the amount of precipitation.
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The topic of return strokes correlated to hail events has not been researched
thoroughly. Return strokes are upward electrical propagations from the ground that occur
after strikes make contact with the surface (AMS, 2000). It has been shown return strokes
increase with storm maturity and are more likely in multicellular storm systems
(Krehbiel, 1986). Reap and MacGorman (1989) found that 78% of positive strikes were
single strokes whereas only 31% of negative strikes had a single return stroke. Given this
observation, the number of return strokes could decrease as the ratio of positive strikes to
negative strikes increases.
The relationship between lightning activity and severe thunderstorms has been the
topic of many studies (Goodman and MacGorman, 1986; Reap and MacGorman, 1989;
Branick and Doswell, 1992; Changnon, 1992; Curran and Rust 1992; MacGorman and
Burgess, 1994; Carey and Rutledge, 1998; Williams et al., 1999; Lang and Rutledge,
2002; McCaul et al., 2002; Knupp et al., 2003; Weins et at., 2005; Montanya et al.,
2009). The proposed study will specifically examine cloud-to-ground (CG) lightning
activity and severe hail during the cool season, using a National Lightning Detection
Network data set to predict severe hail solely based on the CG lightning activity. If hail
prediction tools are going to be related to lightning events, then it is critical that the
lightning activity is understood and linked to the hail updraft.
In summary, the average lead time for a severe thunderstorm warning is 13.50
minutes (Guillot et al., 2008). If it is found lightning strikes can be used to predict severe
hail cases with a comparable lead time, the method could be implemented into
operational nowcasting and give forecasters another way to provide the public sufficient
warning lead time.
15

CHAPTER II
DATA AND METHODOLOGY

Lightning Data
The lightning data for the proposed study will come from the National Lightning
Detection Network. The network consists of 106 sensors throughout the United States.
Cloud-to-ground strikes are found by detecting waveforms given off by strikes (Cummins
et al., 1998). The system was upgraded in 2002 and 2003. The goal of the upgrade was to
enhance detection efficiency, detect some intracloud strikes, and increase reliability. A
performance review found 4.70-26% of positive strikes with a signal of less than 10 kA
were actually cloud-to-ground lightning strikes. Biagi et al. (2007) recommends
discounting strikes with a positive polarity of less then 15 kA because this is the value
where false reports equal the number of true reports. The 15 kA threshold is an arbitrary
line of acceptance. Other studies (Carey et al., 2003; Zajac and Rutledge, 2001; Liu et al.,
2006) used 10 kA as the threshold of true positive cloud-to-ground lightning. According
to Zajac and Rutledge (2001), positive strikes with a signal of less than 10 kA accounts
for over 50% of the positive strikes in the Southeast. For this study, strikes with a signal
of 0 to 15 kA will be discarded.

16

Hail Data
To link cloud-to-ground (CG) lightning activity and hail storms, a number of
organizational and analytical steps were taken. A total of 61 hail days were examined
from 2002 through 2010 (table 2). To be considered a severe event, more than one severe
hail storm had to occur during that event. A severe hail storm is defined as a storm
producing hail with a diameter of one inch or greater. There was no maximum hail size
threshold. Hail reports spanned from one inch to 4.50 inches. In addition to the hail size
requirements, the event had to occur between November and the second week in May,
which is the time span for the majority of hail events in the Mid-South. No requirement
was made about other severe reports. Storms that produced wind damage or tornadoes
along with severe hail were still used. The study area included the National Weather
Service Memphis, TN County Warning Area (CWA) and the Jackson, MS CWA (figure
5). It was important that the range of dates for the NWS data matched the National
Lightning Detection Network dates.

Table 2

Event Days

March 29, 2002

April 24, 2002

April 30, 2002

May 2, 2002

November 9, 2002

November 10, 2002

March 12, 2003

April 6, 2003

April 24, 2003

May 1, 2003

May 2, 2003

May 3, 2003

May 4, 2003

May 5, 2003

February 5, 2004

March 20, 2004

April 23, 2004

April 29, 2004

November 15,2005

February 3, 2006

March 31, 2006

April 2, 2006

April 7, 2006

April 20, 2006

April 25, 2006

May 8, 2006

May 9, 2006

May 10, 2006

February 24, 2007

April 3, 2007

April 13, 2007

May 3, 2007

November 14, 2007

February 5, 2008

March 14, 2008

April 11, 2008

April 22, 2008

May 2, 2008

February 27, 2009

March 27, 2009

April 2, 2009

April 10, 2009

April 12, 2009

April 13, 2009

April 19, 2009

May 2, 2009

May 3, 2009

May 6, 2009

May 10, 2009

January 20, 2010

February 21, 2010

March 9, 2010

March 10, 2010

March 11, 2010

March 25, 2010

April 7, 2010

April 23, 2010

April 24, 2010

May 1, 2010

May 2, 2010

May 7, 2010

November 29, 2010
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Figure 5

Study Domain

Methods
After creating a dataset of potential study dates, the radar data was acquired. GR2
Analyst placefiles with the placement and time of hail reports was created to help
visualize storm paths. The Radar data and GR2 Analyst was used to record storm track
location and time of the event. The storm centroid was determined by using the VIL
density product (a practice commonly used by the National Weather Service). The
concentrated pixels of enhanced values of VIL density was determined to be the center of
the storm. The coordinates of the event along with a start and end point (determined by
the storm centroid) was determined. The start time began thirty minutes prior to the first
hail event in order to capture the storm motion and any anomalies in the lightning
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activity. If multiple hail events occurred in a single storm, the end point was designated
as the last event. If a storm changed directions, the coordinates of the turn were also
noted. The coordinates were then imported into Arc GIS to visualize the storm path
(figure 6).

Figure 6

Storm Path

The storm path was overlain on the lightning data for that day. The lightning data
was queried to only include strikes that occurred in the time frame of the storm. The
strikes that occurred on the storm path or within 7.50 miles of the path were extracted
(figure 7).
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Figure 7

Extracted Strikes

Once the lightning data were temporally and spatially trimmed remaining data
were imported into R, which is an open source statistics software package capable of data
manipulation and display. A script written in R extracts strikes that meet given spatial
and temporal requirements. To meet the spatial requirement, the strike had to occur
within a 7.50 mile radius of the center of the storm. The script was given a start
coordinate, end coordinate, start time, and the time it took the storm to travel the storm
path. The script would advanced by a given time step and extract strikes that meet the
new temporal requirement along with the spatial requirement. The time interval and
radius are given by the user. One-minute intervals were used so the extraction method
missed a minimum amount of strikes outside of the two radii (figure 8). A larger interval
lead to a larger jump in spatial distance which resulted in more strikes being omitted
(figure 9).
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Figure 8

Small Time Step Interval
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Figure 9

Large Time Step Interval

The R script is able to extract the strikes associated with one storm even if the
storm is part of a larger system. For example, the script has been proven valuable when a
storm of interest is embedded in a line of storms. All of the lightning strikes in the five
minutes leading up to the event from a linear system may show more than one area of
concentration of lightning (figure 10). The middle green dot is the location of the event of
interest. The radar image for the same time shows the reason for three areas of lightning
concentration (figure 11). The R script is able to disregard the lightning of the other two
embedded cells because it does not meet the spatial and temporal requirements.
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Figure 10

Lightning Activity Five Minutes Prior to Hail Event
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orm of Interest

Figure 11

Radar of Sample Storm

The script was written to return three objects:
1. the total number of strikes in the interval specified.
2. the number of positive strikes for each interval.
3. a description of each strike kept that includes the time, location, polarity
and signal strength, and number of return strokes.
After all the storms had the strikes extracted and the data saved, three numbers
were calculated using both five and
ten minute
Storm
of Intertime
est steps from thirty minutes before the
hail event until the event. For each interval a total number of strikes, a total number of
positive strikes, and the average number of return strokes per strike were calculated. The
groups were created to have a means of comparison for prediction.
The data from all of the storms were summarized in a single matrix. Different
models were used to see which would have the best performance. Logistic regression as
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well as an artificial intelligence package called support vector machines were the models
used. Artificial intelligence was included because of its ability to map data sets into
higher dimensions to better separate the data sets. For example, two data sets may not be
separable with a line of best fit (figure 12). If the same data sets are mapped into a higher
dimension (figure 13), the two sets can become separable by a plane or hyperplane of
best fit (figure 14). After each data point is added, the artificial intelligence readjusts the
hyperplane, also known as the margin, to best fit the data.

Figure 12

Data Sets in Two Dimensions
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Figure 13

Data Sets in Three Dimensions

Figure 14

Plane of Best Fit
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The artificial intelligence package as well as the logistic regression models give
the probability of an event. Any probability greater than 0.50 was considered a yes for
hail. The logistic model is given as:

(1)

The artificial intelligence package has different kernels which were all used.
These include polynomial, radial, linear, and sigmoid kernels. The kernels are the
formulas used to transform the data into a higher dimension. The polynomial function is
calculated as:
(2)
where γ is 1/data dimension and p is the degree of the polynomial. Polynomials of the
first, second, and third degree were used. The linear kernel is a special case of the
polynomial kernel in which gamma is not used and the p is equal to 1 as:
(3)
The radial function is given by:
(4)
Epsilon values of .01, .001, and .0001 were used for the radial function. Epsilon is a loss
function which adjusts the amount of error allowed from the margin. Data points inside
within the epsilon value from the margin are ignored.
The sigmoid kernel is calculated using:
(5)
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The cost function in the support vector machines was adjusted for each kernel. A
cost of 1, 10, 100, 1000, and 10000 was used for each kernel. The cost is a penalty given
to data points outside of the constraints of the margin. A higher cost penalizes outliers
more by giving the points less weight on adjusting the margin.
Approximately eighty percent of the matrix was used to train the classification
model, while the rest were used to test the model. A number of classification models
were created by a cross validation method called jack knifing. In jack knifing, with a data
set that has a training set of n length and a testing set of m length, each entry would be
used in the training set n times and in the testing set m times.
Hail and non-hail storms were included to test the prediction capability of the
models. Non-severe cases had to be included, and they were obtained from the same
event days. To be considered a non-severe storm, the storm could not produce severe hail
(as previously defined) and had to fall within a maximum VIL density threshold between
2.50 kg/m3 and 3.50 kg/m3. The “event” was considered the time the storm reached the
maximum VIL density. The storm could produce hail as long as it was less than 1 inch in
diameter.
Storms from 2002 through 2008 were used to see which models would perform
the best. From 2002 through 2008 there was a total of 355 hail and non severe storms.
300 storms were used in the training set and 55 were used in the testing set. Jack knifing
was used as a cross validation method to create multiple runs of the same model for
consistent results. Contingency statistics as well as variance and distribution of the
contingency statistics were used to determine model performance. The contingency
statistics used were percent correct (PC), bias, probability of detection (POD), false alarm
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ratio (FAR), probability of false detection (POFD), and Heidke skill score (HSS) (table
3).

Table 3

Contingency Statistics
Yes
(Observed)

No
(Observed)

Yes
(Forecasted)

A

B

No
(Forecasted)

C

D

The contingency statistics are calculated as follows:

(6)

(7)

(8)

(9)

(10)

(11)
One is a perfect score for the PC, POD, bias, and HSS. Percent correct was
calculated by dividing the number of storms the model predicted correctly by the total
number of storms. Probability of detection was calculated by dividing the number of hail
storms the model detected by the total number of hail storms. A bias score of greater
than one indicates the model is over-predicting and a bias score of less than one indicates
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under-prediction. The HSS can range from -1 to 1. A negative skill score indicates the
opposite of what the model predicted should be done. A score of 0 indicates a model had
no skill.
For FAR and POFD a score of zero is perfect. False alarm ratio was calculated by
taking the number of storms in which the model said hail would occur when in reality no
hail fell and dividing it by the total number of storms the model assigned hail to.
Probability of false detection uses the same numerator as FAR, but divides it by the total
number of storms that did not produce hail.
Once the best models were determined, the entire 2002-2008 data set was used as
the training set and storms from 2009 and 2010 were used as an independent testing set.
The independent set was used to test the models that had shown the best performance
with the initial training and testing sets to determine which model performed the best
with both training and testing sets.
Aside from the extraction method, the entire data set was analyzed for lightning
climatology. This included the percentage of positive strikes and the number of strikes for
each month. The strike had to occur within the Memphis and Jackson CWA. The positive
strikes of less than 15 kA were discarded. Each month was individually analyzed by
merging monthly data in GIS and selecting strikes that occurred in the CWAs. The
positive strikes for the entire time span were also analyzed. A comparison to a Reap and
MacGorman (1989) warm season study was also done.
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CHAPTER III
RESULTS AND DISCUSSION

Lightning Climatology
All the strikes that occurred in the Memphis and Jackson CWA’s were totaled by
month (figure 12). A total of 10,205,970 strikes occurred between 2001 and 2010 (table
4). May through August had the most CG lightning with July being the most active
month with 2,252,011 strikes. The period of this study showed considerable less CG
lightning. January had the least amount of CG with a total of 99,632 strikes.

Table 4

Strikes in the Mid-South

Month

Positive Strikes

Total Strikes

Percent Positive

January

13,299

99,632

13.34

February

27,246

241,931

11.26

March

44,114

445,583

9.9

April

65,672

898,260

7.31

May

98,938

1,907,591

5.19

June

53,999

1,425,001

3.79

July

84,880

2,252,011

3.77

August

66,082

1,840,011

3.59

September

18,677

381,223

4.9

October

19,779

293,909

6.73

November

27,104

276,274

9.81

December

22,360

144,544

15.47

Total

542,150

10,205,970

5.31
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Total CG Strikes for the Mid-South

The percentage of positive strikes for each month was calculated (figure 13). The
months that had the highest number of strikes had the lowest percentage of positive
strikes. Positive strikes in August accounted for 3.59% of all strikes which was the least
of any month. December had the greatest percentage of positive CG at 15.50%. The study
period (November through May) had 7.44% positive strikes. Summer months having the
smallest percentage of positive strikes can be explained by the tilted dipole model. Shear
tilts the storms exposing the positive charge at the top of the cloud which allows for more
positive CG. During the summer months, shear is at a minimum.
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Previous research has suggested increased amounts of positive CG to be the best
lightning indicator for predicting severe events (Reap and MacGorman, 1989; Branick
and Doswell, 1992; MacGorman and Burgess, 1994; Knupp et al., 2003; Liu et al., 2006).
The severe hail storms in this study did not exhibit an increase in positive strikes leading
up to the hail event. MacGorman and Burgess (1994) found positive CG was at a peak
during low precipitation or normal phase of a supercell. Storms in the Mid-South tend to
have high moisture availability and could therefore have a lack of positive CG. The
amount of positive CG in the Mid-South was compared to a Reap and MacGorman
(1989) study in which positive CG accounted for 4.60% of all CG in Oklahoma, Kansas,
and parts of Texas during the warm season which was defined as April through
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September. The Mid-South CG was 4.46% positive and the Reap and MacGorman study
was 4.60% positive. The two regions are comparable, so moisture does not explain the
lack of positive strikes in severe hail storms.
Positive CG lightning accounted for 3.92% of lightning in severe hail storms
(table 5). Non severe hail storms had 6.35% positive strikes. Overall, positive strikes
totaled 4.47% of all lightning extracted by the script. The Mid-South had 7.44% positive
strikes during the study months. The storms are lacking in positive strikes compared to
the overall amount of positive strikes The method in which strikes were extracted may
better explain the lack of positive CG. The script extracted strikes within a 7.50 mile
radius of the center of the storm. The bulk amount of positive CG may be outside the
7.50 mile radius where the storm is tilted and the positive charge is exposed. To detect
more positive strikes, the radius which the script uses would have to be increased, but by
doing this, if there is more than one storm nearby, strikes may become associated with
the wrong storm. If the event is mainly comprised of isolated supercells, the radius could
be increased, but if the event is a quasi-linear system, an adjustment could not be made.

Table 5

Positive Strikes in Mid South Study
Positive

Total

Percentage

Severe Hail Storms

1,184

30,217

3.92%

Non Severe Storms

557

8,773

6.35%

Total:

1,741

38,990

4.47%

Model Performance
The lightning data were grouped into intervals so overall patterns in lightning
could be observed. Five minute and ten minute intervals were used to see how large or
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small temporal intervals were necessary to catch lightning patterns. The logistic
regression (table 6) and the linear C100 (table 7) models were run with both intervals.
The logistic regression models were the same except the ten minute PC was 71%
compared to 70% for the five minute interval. The linear C100 model performed better
with five minute intervals. All of the models were run at five minute intervals given the
lack of difference between the two intervals. Smaller intervals would help increase lead
time when the model is used for real time prediction.

Table 6

Logistic Regression Statistics with Five and Ten Minute Intervals
PC

Bias

FAR

POD

POFD

HSS

5 minutes

0.70

1.03

0.26

0.75

0.34

0.40

10 minutes

0.71

1.03

0.26

0.75

0.34

0.40

Table 7

Linear C100 Statistics with Five and Ten Minute Intervals
PC

Bias

FAR

POD

POFD

HSS

5 minutes

0.70

1.05

0.27

0.75

0.36

0.39

10 minutes

0.70

1.08

0.28

0.76

0.38

0.38

Several models were used to see which would perform the best. The 95%
confidence intervals were plotted for several variables to judge the performance. The
percent correct between the different models were mostly insignificant. The second and
third degree polynomials as well as the sigmoid cost 10 models were statistically
significantly lower than the better performing linear cost 10 and cost 100 models as well
as the radial E001 cost 1 and the logistic regression as shown by the line in figure 14. In
the figures, D is the degree of the polynomial, E is the value used for epsilon, and C is the
value used for the penalty function.
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Figure 17

Percent Correct 95% Confidence Intervals

The confidence intervals of the bias of the D2 and D3 polynomials were almost
completely above 1 indicating over-prediction (figure 15). Except for the D3 C100, the
D2 and D3 polynomial also had high variance. The sigmoid kernel had a large variance in
the bias score between individual model runs. Except the radial E001 C100, the radial
kernel performed the best along with the first degree polynomials, the linear kernel, and
the logistic regression.
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Figure 18

Bias 95% Confidence Intervals

The over prediction from the second and third degree polynomial models can be
seen in the false alarm ratio 95% confidence intervals (figure 16). The false alarm ratios
of the D2 cost 10, third degree polynomials, and the sigmoid cost 10 were statistically
significantly higher than the linear cost 10 and l00, radial E001 cost 10, and logistic
regression models. For a good model, a low FAR is needed. The sigmoid kernel
performed poorly relative to the other kernels along with the D2 and D3 polynomial
models.
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Figure 19

False Alarm Ratio 95% Confidence Intervals

Probability of false detection is similar to FAR in that a small value indicates
better performance. The over prediction of the D2 and D3 polynomials can be seen with
median POFD values of 1 or close to 1 (figure 17). A POFD of 1 means the model did
not correctly identify any non severe events. The D2 and D3 polynomial models and the
sigmoid models had a POFD value that was statistically significantly higher compared to
the linear kernel, logistic regression, and radial E001 C10.
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Figure 20

Probability of False Detection 95% Confidence Intervals

For a model to be used for prediction, it needs to have a high probability of
detection. The D2 and D3 polynomials and sigmoid C10 model are statistically
significantly higher than the linear kernel and logistic regression. The D2 and D3
polynomial models had the highest POD, but this was caused by the over prediction
biases of those models (figure 18). The sigmoid C10 model had a high POD, but like the
D2 and D3 polynomials, it had a high FAR. The radial, linear, logistic regression and the
D1 polynomials were performing about the same with little variation. These models had
median POD values greater than 60 % and FAR values less than approximately 40%.
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Figure 21

Probability of Detection 95% Confidence Intervals

The last statistic examined was the Heidke Skill Score. The high FAR, bias, and
POFD led to the low skill scores of the D2 and D3 polynomials and the sigmoid kernel
(figure 19). The HSS of the D2 and D3 polynomial models and the sigmoid cost 10
model were statistically significantly lower than the HSS of the radial E001 cost 1,
logistic regression, and linear cost 100 models. The linear kernel along with the first
degree polynomials, the radial kernel, and the logistic regression had comparable skill
scores.
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Figure 22

Heidke Skill Score 95% Confidence Intervals

Due to the combination of a high FAR, POFD, and bias and a low HSS, the D2
and D3 polynomial models as well as the sigmoid kernel are not considered operationally
viable. Since the performance of the other models was similar, the distribution and
variance of individual model runs was examined to further discriminate between models.
Low variance and a normal distribution indicate consistency between individual model
runs.
Each kernel was inspected individually and the best of each kernel was
compared. The D1 C1 polynomial had less variance than the D1 C10 polynomial bias,
FAR, and POFD and more variance in PC, POD, and HSS (table 8). The distributions of
the C1 (figure 20) and C10 (figure 21) D1 polynomial Heidke Skill Scores have a bellshaped curve. The skill scores were examined because it summarizes the overall
performance of the run. The D1 C1 polynomial had a greater concentration of individual
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runs with negative skill score. The D1 C10 group of runs had multiple runs with skill
score of .70. Due to the higher upper limit and higher lower limit, the D1 C10 model was
chosen over the D1 C1 model as the representative of the D1 polynomial model.

Table 8

Variance of D1 Polynomial Models
PC

Bias

FAR

POD

POFD

HSS

Polynomial D1 C1

0.004

0.021

0.004

0.009

0.006

0.018

Polynomial D1 C10

0.004

0.029

0.009

0.004

0.014

0.017

Figure 23

D1 C1 Polynomial HSS Distribution
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Figure 24

D1 C10 Polynomial HSS Distribution

The linear models performed similarly to each other. The linear cost 1 model had
more variance in each statistic (table 9). The cost 1 function had a higher maximum HSS
and a lower minimum HSS (figure 22) compared to the cost 10 function (figure 23) and
the cost 100 function (figure 24). The distributions for each cost functions were quasinormal. The median HSS for the cost 1, cost 10, and cost 100 were 0.336, 0.366, and
0.376 respectively. The cost 100 model had less variance than the cost 10 model in PC,
FAR, POFD, and HSS. Given the overall better performance, the linear cost 100 model
was chosen over the cost 1 and cost 10 models to represent the linear kernel.
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Table 9

Variance of Linear Kernel Models
PC

Bias

FAR

POD

POFD

HSS

Linear C1

0.006

0.032

0.012

0.008

0.016

0.023

Linear C10

0.002

0.020

0.006

0.004

0.012

0.010

Linear C100

0.001

0.025

0.004

0.004

0.007

0.007

Figure 25

Linear C1 HSS Distribution
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Figure 26

Linear C10 HSS Distribution

Figure 27

Linear C100 HSS Distribution

45

The radial kernel had multiple epsilon values to choose from as well as different
costs. The radial E01 C10 model had multiple runs with negative skill scores, so the
model was disregarded (figure 25). The radial E001 C1 distribution was skewed
positively instead of the desired normal distribution, so it was eliminated (figure 26). The
radial E001 C100 model was rejected due to the high variance in the bias between runs
(figure 27). The radial E001 C10 model had less variance in the bias, FAR, POD, and
POFD compared to the radial E0001 C10 model and was therefore chosen over the radial
E0001 C10 model (table 10).

Figure 28

Radial E01 C10 HSS Distribution
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Figure 29

Radial E001 C1 HSS Distribution

Figure 30

Radial E001 C100 Bias Distribution
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Table 10

Variance of Radial Kernel Models
PC

Bias

FAR

POD

POFD

HSS

Radial E01 C10

0.002

0.022

0.005

0.005

0.014

0.011

Radial E001 C1

0.004

0.016

0.007

0.004

0.010

0.014

Radial E001 C10

0.004

0.018

0.004

0.006

0.012

0.016

Radial E001 C100

0.003

0.131

0.010

0.012

0.012

0.013

Radial E0001 C10

0.002

0.064

0.007

0.012

0.016

0.007

The polynomial D1 C10, linear C100, Radial E001 C10, and the logistic models
were compared in order to identify the best model. The radial E001 C10 model had the
lowest median HSS and PC of the final models as well as the highest bias, FAR, and
POFD (table 11). The radial model did have the highest POD, but this was caused by the
over-prediction. The D1 C10 polynomial did not perform as well as the linear C100 and
the logistic regression models. The D1 C10 polynomial had a lower HSS and a higher
POFD and FAR compared to the linear model and the logistic regression.

Table 11

Median Statistics
PC

Bias

FAR

POD

POFD

HSS

Polynomial D1 C10

0.690

1.060

0.290

0.760

0.400

0.360

Linear C100

0.690

1.060

0.280

0.760

0.380

0.380

Radial E001 C10

0.670

1.120

0.320

0.770

0.440

0.340

Logistic Regression

0.690

1.000

0.280

0.740

0.330

0.380

The final two models were the linear C100 and the logistic regression. Both
models had the same HSS and PC (table 11). The logistic regression model had a perfect
median bias of 1, but the lowest POD of any of the final models. In return, the logistic
regression was tied for the lowest FAR and had the lowest POFD. The logistic regression
model had more variance in each statistic compared to the linear C100 (table 12).
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Table 12

Variance of Final Models

PC

Bias

FAR

POD

POFD

HSS

Polynomial D1 C10

0.004

0.029

0.009

0.004

0.014

0.017

Linear C100

0.001

0.025

0.004

0.004

0.007

0.007

Radial E001 C10

0.004

0.018

0.004

0.006

0.012

0.016

Logistic Regression

0.002

0.036

0.006

0.008

0.012

0.010

Given the small difference between the two finalists, an independent data set was
used to test the linear C100 and logistic regression models. Storms from 2009 and 2010
were used to test the models that were trained using the storms from 2002 through 2008.
The logistic model performed better than the linear C100 model (table 13). The linear
C100 model detected just over half of the hail storms and only predicted 53% of the
storms correctly. The logistic model detected 58% of the hail storms, and correctly
indentified 63% of the storms. Overall, both models did poorly with the independent data
set, but the logistic regression model performed better than the linear C100 model. The
median HSS from the first data set was .38 for both of the models. The HSS for the
independent data set for the linear C100 and the logistic regression was 0.07 and 0.28
respectively.

Table 13

Independent Data Results
Linear C100

Logistic Regression

PC

0.53

0.63

Bias

0.86

0.82

FAR

0.4

0.29

POD

0.51

0.58

POFD

0.44

0.3

HSS

0.07

0.28
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The poor results from the independent data set were caused by different overall
patterns in the lightning between the training set and the testing set as well as variability
of lightning patterns between storms. The average total strikes in the testing set decreased
leading up to a severe hail event while the average total strikes for non severe storms
increased from 20 minutes to 10 minutes prior to an event before decreasing before the
event (figure 28). The 2009-2010 average total CG strikes increased leading up to 5
minutes prior to the event where it decreased. The non severe storms followed a similar
pattern for the first twenty minutes. Both non severe sets had an increase in total CG
lightning until ten minutes prior then the 2002-2008 non severe storms decreased while
the 2009-2010 storms continued to increase until the event. In the 2002-2008 and the
2009-2010 sets, severe hail storms had more total CG lightning than the non severe sets.

2002-2010 Average Total CG
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Figure 31

2002-2010 Total CG Lightning Patterns
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5-0

Total CG lightning data varied from one event to another as well as within a
single event and even within a single storm. For example, January 20, 2010 had five hail
events that occurred in the Jackson CWA. The lightning activity varied from hail event b
which had a total of 15 strikes in the 30 minutes leading up to the hail to hail event e
which had a total of 360 strikes prior to the event (figure 29). Storm e produced golf ball
size hail and the other four events were one inch hail. Hail event c had the most lightning
activity of all the one inch hail events from the day with a total of 295 strikes. Hail
events b and c were from the same storm. Hail event c occurred two hours prior to event
b. The storm produced 15 strikes in the 30 minutes leading up to event b and 295 strikes
leading up to event c. At event b, the storm was on the east side of a cluster of storms
along I-20 west of Jackson, MS (figure 30). At event c, the storm was on the southwest
side of a cluster of storms northwest of Jackson (figure 31). The difference in lightning
activity could exist due to the intense rotation of the storm at event c(figure 32). Extreme
amounts of shear could lead to increased activity in CG lightning. Given the results from
hail events b and c, rotation could make more of a difference in lightning activity than
hail events. The script could be run for storms that produced tornadoes to see if any
patterns in lightning exist but this is beyond the scope of this project.
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Figure 32

January 20, 2010 Hail Storms

Figure 33

January 20, 2010 Hail Event b Base Reflectivity
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total

Figure 34

January 20, 2010 Hail Event c Base Reflectivity

Figure 35

January 20, 2010 Hail Event c Storm Relative Velocity
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A total of five hail storms had no CG lightning in the 30 minutes leading up to the
hail event from 2002-2010. The lack of CG lightning could be explained by the elevated
charge theory. Updrafts become strong enough to elevate the charge in a storm. A lack of
CG will be present, but cloud to cloud lightning rates may be high. This cannot be tested
in this study because only CG lightning data are available.
A hail storm on April 24, 2010 had the most CG lightning out of all the storms
included in the study with a total of 806 strikes. Non severe storms could be CG active as
well. A non severe hail storm on March 27, 2009 produced 509 strikes in the 30 minutes
leading up to the “event.” This ranks fourth in total CG activity among all storms in the
study (table 14).

Table 14

Top 10 CG Active Storms
30-25

25-20

20-15

15-10

5-Oct

May-00

Total

Apr2410o

128

138

130

153

121

136

806

May0110a

118

141

92

103

61

31

546

May0309a

105

115

117

73

73

41

524

nhmar2709a

51

82

93

109

83

91

509

May0110a

89

114

82

76

86

61

508

Apr2410i

78

80

91

114

92

42

497

May0906d

64

62

101

105

110

53

495

May1009d

75

63

53

83

89

78

441

May0309c

101

81

102

59

62

28

433

Apr2310i

24

54

74

84

106

86

428

Environmental conditions could explain the difference in total CG lightning
activity between events and storms. Updraft strength (instability) and shear were
examined on five dates along with the average number of strikes for the corresponding
days (table 15). EHI was calculated according to Hart and Korotky (1991):
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(12)
Mixed layer CAPE was used in the calculation. EHI was utilized because the formula
takes shear and instability into account. No pattern in environmental conditions and the
average number of strikes per storm could be found. November 29, 2010 had the highest
EHI and the highest average number of strikes per storm. The day also had the highest 03 km helicity and the lowest amount of surface based CAPE. May 10, 2006 had the
second highest average strikes per storm, but the lowest EHI value.

Table 15

Environmental Conditions Compared with Average Total Strikes
SB CAPE

ML CAPE

0-3 SRH

EHI

Average Strikes

Nov. 15, 2005

1006

2121

354

4.69

64.9

Nov. 29, 2010

4

2491

478

7.44

205.3

7-May-10

1876

2251

220

3.1

138.6

10-May-06

1797

1797

142

1.59

147.3

29-Mar-02

275

2575

324

5.21

74.3

The hypothesis of the study was that the CG lightning patterns would change as a
hail core descended. The detection of the change could be seen and used to predict hail.
The results from the total CG indicate the lightning depends upon more than the location
of a hail core. Shear may play an important role in CG lightning activity. Better results
may come from a total lightning data set especially in storms that lack CG lightning.
The positive strikes in the training and testing data sets are similar for the severe
hail storms. Both severe hail sets have a general increasing pattern leading up to five or
ten minutes prior to the hail event (figure 33). The 2009-2010 set averaged more positive
CG with an average peak of 1.3 strikes per five minute interval while the 2002-2008
severe storms had an average peak of 0.38 strikes per five minutes. The 2009-2010 non
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severe storms averaged more positive strikes per time interval than the 2002-2008 severe
storms. This would make it difficult for the model to differentiate the hail storms and the
non severe storms in the testing set. Both non severe data sets had a peak of positive
strikes during the fifteen to ten minute prior increment. Like the severe hail events, the
2009-2010 non severe set had more positive strikes than the 2002-2008 non severe set.

2002-2010 Average Positive Strikes
1.4
1.2

Strikes

1

Severe 02-08

0.8

Non Severe 02-08

0.6

Severe 09-10
Non Severe 09-10
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0.2
0
30-25

25-20

20-15

15-10

10-5

5-0

Time Step (minutes prior to event)

Figure 36

2002-2010 Positive CG Patterns

The results from the average number of return strokes per strike were also
variable. With the 2002-2008 severe hail storms, lightning gradually decreased leading
up to the hail event with increases during the five minute interval before the event and the
fifteen to ten minute interval prior to the event (figure 34). The 2009-2010 severe hail
events had an increase in return strokes in the ten minutes leading up to the hail event.
Except for the first ten minutes in the 2002-2008 storms, the non severe storms averaged
more return strokes per strike compared to the severe hail storms. Each data set was at or
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near its minimum during the 10-5 minutes prior time step before increasing leading up to
the event. The greatest difference in return strokes would have been seen if there was an
interval with a high amount of positive CG strikes. As mentioned previously, Reap and
MacGorman (1989) found 78% of positive strikes had one return stroke and 31% of
negative strikes had a single return stroke. Since there was an overall lack of positive CG,
the return strokes were more inconsistent.

2002-2010 Average Return Strokes

Return Strokes per Strike
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Figure 37

2002-2010 Average Return Strokes Per Strike

Limitations
Creating a prediction model for hail has inherent problems. Accurate hail size
reports must be recorded. Error in size and location is introduced by using public reports.
Table 16 shows the hail sizes from the Mid-South study. Out of the 313 storms, 101 were
1.75 inches while only 13 were 1.50 inches. An area is not likely to get ten times the
amount of 1.75 inch hail events than 1.50 inch hail events. There is a likely size
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estimation bias in the reports. The hail reporting system compares the hail to ordinary
objects and assigns a size to that object (table 17). From the results of the study, people
are more likely to call 1.50 to 2 inch hail golf ball instead of the less known categories of
ping pong or hen egg size. The same pattern shows to be true with 2.50 or 2.75 inch hail.
People tend to report baseball size hail because of familiarity of the size of a baseball
over a tennis ball.

Table 16

Hail Frequency from Mid-South Study

Hail Size

Frequency

1

161

1.25

18

1.5

13

1.75

101

2

4

2.5

2

2.75

10

4.25

3

4.5

1
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Table 17

Hail Size Compared to Objects. After NWS 2011

1/4"

Pea

1/2"

Marble

3/4"

Penny

7/8"

Nickel

1"

Quarter

1 1/4"

Half Dollar

1 1/2"

Walnut/Ping Pong Ball

1 3/4"

Golf Ball

2"

Hen Egg

2 1/2"

Tennis Ball

2 3/4"

Baseball

3"

Teacup

4"

Grapefruit

4 1/2"

Softball

When a storm report is issued, it is based on the largest hail stone reported from
the event. For example, a storm report from the public says, “Dime size hail with a few
quarters 2 miles north of County Road 26.” The issued LSR by the National Weather
Service will read quarter size hail even though it was not the most common size.
The errors in reporting make it difficult to create accurate categories for severe
hail storms and non severe storms. Due to the error in reporting, storms that produced
less than one inch hail could have been reported as severe. To accurately create
categories, a field study would have to be conducted in which hail was collected and the
size was recorded by trusted sources. The recording of size would have to be consistent.
There are two ways the size could be recorded: using the maximum hail size found or
using the most common hail size. The size and location could then be recorded and the
lightning data could be extracted.
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This study used a threshold for the maximum VILD allowed by a non severe
storm. Doing this likely excluded a number of storms that did not produce severe hail, but
had a high VILD. These storms could have been examined if the non severe criteria were
the storm had to travel over a populated area during daylight hours when reporting of an
event is most likely. Using this method would have limited the non severe data set even
further.
Overall, using strictly CG lightning to predict hail proved to be difficult. There
are better and more reliable tools to predict hail such as VIL and associated products. The
data set for the Mid-South study showed variability in total strikes, positive strikes, and
return strokes between time increments. Lightning-hail prediction models performed
poorly. The logistic regression outperformed the kernels within the support vector
machines (SVM) artificial intelligence package. Out of the SVM kernels, the linear
model performed the best. The fact that the linear model was the best kernel and the
logistic regression outperformed it suggests the best model for CG lightning and hail is
not non linear. The better performance of the low cost functions than the higher cost
functions suggest the artificial intelligence was having a hard time separating events and
null event with a margin. Giving outliers more weight helped readjust the margin more.
Future studies should focus on differentiating CG active storms from non active
storms. Total lightning (CG and CC) should be examined as well. Environmental
conditions such as instability, shear, and moisture should be examined on the event scale.
Factors such as boundaries, splitting of a storm, and proximity to other storms should be
examined on the storm scale. The lightning script could be used to examine patterns in
CG lightning before and during tornadic events.
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CHAPTER IV
SUMMARY AND CONCLUSION

The hypothesis of the study was that movement and growth of the hail core in
severe storms would cause changes in cloud to ground lightning activity. The negative
charge of a storm is carried by precipitation particles such as hail and graupel. Vertical
movement of the hail core would cause relocation of a bulk of the negative charge and
therefore change the overall activity of the CG lightning. The change in CG activity
could be used to predict severe hail events.
The study examined storms in the Mid-South that occurred between 2002 and
2010. A total of 560 storms were used that spanned 61 event days. Hail size ranged from
one inch to 4.50 inches. Non severe storms were used as null events. The requirements
for the null group were that the storm could not produce severe hail. The null storms
could produce less than severe hail. Non severe storms had to meet a maximum VILD
threshold to fall into the category. The maximum VILD had to be between 2.50 and 3.50
kg/m3. The threshold was determined through literature. The range was created to ensure
convective storms but storms that were not producing severe hail.
Severe and non severe storms were subjected to a script in R to extract the CG
lightning only associated with the storm of interest. The CG strikes were combined into
five minutes intervals. Storms from 2002-2008 were divided into training and testing set
to create classification models to predict hail. Artificial intelligence models along with a
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logistic regression model were used. Jack knifing created 355 runs of each model with
the 2002-2008 data. Once the best models were chosen, 2009-2010 data were used as an
independent data set to test the finalists.
The R script was able to successfully extract lightning strikes only associated with
a storm of interest by using spatial and temporal requirements. The script showed
flexibility between storm types. This allowed linear systems as well as clusters to be used
in the study. The script requirements are also flexible. The radius used, the length of a
time step, and storm duration length can all be changed. The script can be used in future
studies.
Cloud to ground lightning data alone was not able to predict hail with much
success. The logistic regression model outperformed the SVM artificial intelligence
package. The logistic regression model predicted 69% of storms correctly with a POD of
74%, FAR of 28%, and a HSS of 0.38. The best SVM model was the linear C100 model.
The linear C100 predicted 69% of storms correctly with a POD of 76%, FAR of 28%,
and a HSS of 0.38. Both finalists struggled with the independent data set. The logistic
regression performed the best predicting 63% of storms correctly with a POD of 51%, a
FAR of 29%, and a HSS of 0.28.
Poor results from the models are due to the variance in lightning activity in severe
hail storms as well as non severe storms. Lightning activity in severe hail storms ranged
from no CG strikes in the 30 minutes leading up to the hail event to 806 strikes in the 30
minutes prior to the hail. Non severe lightning activity ranged from no lightning to 509
strikes prior to the “event.” CG lightning could vary between event days as well as

62

between storms. Severe hail storms usually had more CG than non severe storms, but it
was not uncommon for non severe storms to be CG active.
Positive strikes were a poor indicator of an onset of a severe hail event. Positive
CG accounted for a higher percentage of the total CG in non severe storms compared to
severe hail storms which is opposite from literature. The amount of positive CG in the
storms in the study was below the average for the months of the study. This was a result
of using a 7.50 mile radius to extract lightning strikes. Positive strikes on periphery could
have been missed.
Return strokes were variable among the severe and non severe storms. Non
severe hail storms averaged more return strokes per strike in the 20 minutes leading up to
an event than severe hail storms. Both groups increased in the number of return strokes
per strike in the five minutes prior to the event.
Results from the CG lightning climatology showed the bulk of CG lightning
occurs in the summer months with July being the peak. Winter months had the least
amount of CG with January being the minimum. Positive strikes accounted for the
highest percentage during the winter months and the lowest during the summer months.
This is due to tilting of the storms and the exposure of the positive charge at the cloud
tops. Positive strikes totaled 7.44% of all CG during the study period.
Cloud to ground lightning alone cannot detect enough hail storms to be used in
operations to increase lead time. Products such as VILD have shown to be more useful.
More studies need to be performed on what individual environmental factors can lead to
drastic differences between hail storms on different days as well as on the same day and
similarities in lightning between severe hail storms and non severe storms.
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